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Abstract
It is shown that compressive sensing (CS) theory can be used for subsurface imaging in stepped frequency
ground penetrating radars (GPR), resulting in robust sparse images, using fewer measurements. Although the
data acquisition time is decreased by CS, the computational complexity of the minimization based imaging
algorithm is too costly, which makes the algorithm useless, especially for extensive discretization or 3D
imaging. In this paper, a greedy alternative, orthogonal matching pursuit (OMP) is used for imaging
subsurface and its performance under various conditions is compared to CS imaging method. Results show
that OMP could reconstruct sparse signals robustly as well as CS imaging. It is faster and easier to implement
so it can be said that OMP is a fascinating alternative to CS imaging method for subsurface GPR imaging.
Key Words: Ground Penetrating Radar (GPR), Radar, Subsurface Imaging, Compressive Sensing (CS),
1 minimization, Orthogonal Matching Pursuit (OMP)

1.

Introduction

Ground Penetrating Radar (GPR) is an important nondestructive remote sensing tool which images the
subsurface by transmitting short electromagnetic pulses into the ground then receiving the reﬂections [1, 2, 3, 4].
Since GPRs can detect anything presenting electromagnetic contrast, such as variation in permittivity, relative
to the surrounding medium, they are used in a wide variety of areas such as landmine detection [5, 7], through
to wall imaging and detection [8, 9] in archeological surveys [10, 11, 12] or other various civil applications [13, 6].
The types of GPR are time, and frequency domain GPRs, related to how the data acquisition is performed.
Time domain or impulse, GPR is used widely in commercial systems due to its simple design and low cost [1].
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The other type of GPR that is becoming popular is the stepped frequency continuous wave GPR (SFCW-GPR)
[14, 15]. This type of GPR transmits a discrete set of frequencies to and through the medium and constructs
imaging using the reﬂections and their phase diﬀerences.
SFCW-GPR has several advantages over an impulse GPR, such as greater measurement accuracy, greater
dynamic range and lower noise. In addition, the operating frequency range can be adaptively adjusted for targets
at diﬀerent depths, or be programmed to skip over a deﬁned frequency band, so instruments on sensitive bands
will not interfere with SFCW-GPR. Although this is an advantageous property of SFCW-GPR, time at each scan
position and at each frequency takes much more time in total compared to impulse GPR systems [16, 17, 18].
The advent of works on decreasing the data acquisition time have been introduced in the literature
[19, 20, 21]. These recent methods exploit the theory of compressive sensing (CS) [22, 23, 24]. It assumes the
sparsity of target space, which is a general reasonable assumption since the potential targets cover a small part
of the total subsurface volume to be imaged. It is shown in CS theory that a sparse signal x = Ψ s can be
reconstructed using small number of linear measurements y = Φx in the form of randomized projections by
solving a constraint 1 minimization problem which can be solved using linear programming. In [19, 20, 21], the
target space is discretized and a GPR data dictionary is formed by modeling the data expected to be acquired
for each discrete target location. Hence a linear relation is formed between measurements and the target space.
Later, an 1 minimization based optimization problem constraint to the measurements is solved.
The target space can be constructed using smaller number of random frequency step measurements and
random spatial positions as shown in [19]. Considering the results, less cluttered images compared to standard
back-projection methods are obtained using fewer number of frequency measurements. The CS method in
[19] also provides super resolution property and robust to noise and random spatial sampling. In practical
SFCW-GPRs, CS imaging method decreases the data acquisition time.
Despite these eﬀorts, successful results have been presented for CS imaging; yet the eﬀect of time spent
for target space reconstruction has not been considered. Candes and Lebret in [23, 25] show the computational
cost of CS imaging increases with N 3 , where N is the total discrete points of the target space. That means
that, although CS reduces the data acquisition time, it spends too much time in image reconstruction which
makes the algorithm useless for real time applications, especially for high discretization or 3D imaging.
The formulated dictionary selection problem in [19] could also be solved using the Basis Pursuit algorithms
[26, 27, 28, 29]. These methods, which obtain sparse solutions, are principally iterative greedy algorithms and
they do not guarantee any global optimum solution as in [19]. But, they are computationally very eﬃcient.
In this paper, a robust greedy method, orthogonal matching pursuit (OMP) [28, 29] is used for subsurface
imaging and its performance is compared against the method of compressive sensing (CS) to show that it can
be a viable alternative. In addition, range gain is added to OMP reconstruction procedure which allows one
to image targets with their correct RCS values. Hence the proposed method could also image deep targets
that were lost in the standard CS reconstruction in [19]. For comparison purposes, fewer measurements are
taken instead of measuring all frequencies; and when the measurement number is more than one tenth of the
all frequencies, OMP could exactly reconstruct the sparse signal with similar performance as CS. Also, eﬀects
of signal-to-noise ratio (SNR) on OMP and CS imaging methods are investigated. It is observed that these two
methods show similar reconstruction performances when the SNR is more than 10 dB. OMP and CS methods
are applied to 20 independent simulated data sets on the same computer and the average time spent found
in CS method is 497.341 seconds, while the OMP method took only 0.897 seconds. This means that OMP is
practical for larger area imaging, higher discretization or a 3D area imaging, where CS is not. In brief, this
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work shows that OMP is faster than the CS method and it could reconstruct sparse signals robustly as well
as CS imaging. Thus, it is more implementable than CS imaging method in real systems. With the proposed
method, while systems could decrease their data acquisition times through fewer measurements, the processing
time would be decreased by OMP without important performance degradation compared to 1 minimization.
Remainder of this paper is organized as follows. Section 2 brieﬂy describes the compressive subsurface
imaging algorithm for stepped frequency GPRs. The proposed fast subsurface imaging method using OMP is
explained in Section 3. Section 4 presents the CS and OMP based imaging and comparison results for imaging
performance, noise and computational complexity and experimental GPR data results. Conclusions are drawn
in Section 5.

2.

Compressive imaging for SF-GPR

In this section a brief summary of CS based subsurface imaging developed in [19, 20, 21] is given. A SF-GPR
transmits L continuous sinusoidal signals during scan of a region. In [19], the transmitted signal for frequency
 is shown as
ET (, t) = Ae−j2π(f0 +Δf)t = Ae−jω t ,

(1)

where ω = 2π(f0 + Δf), f0 is the initial frequency,  = 0, 1, 2, . . ., L−1 with the total number of frequency
steps L, and Δf is the frequency step interval. A is the strength of the transmitted signal. Assuming the
scanned medium is homogeneous and its parameters are known, for a bistatic GPR sensor, the received signal
for a single point target at position p when the GPR is at the scan position i can be written as
ER (, t, p, i) = α(p)ej(k1 r1 +k2 r2 −ω t),

(2)

where the distances depend on p and i, α(p) = Aσ/S(R(p)), σ is the reﬂection coeﬃcient of the target, S(R)
is the spreading function explaining the decay of the signal, k1 and k2 are the propagation constants in air and
soil, r1 and r2 are total travel distances of signal in air and soil, respectively. Also, equation (2) can be written
in terms of the total time delay as τi (p) = r1 /v1 + r2 /v2 ; and v1 and v2 are the propagation velocities in air
and soil, respectively.
The sparsity assumption is that the targets cover only a small portion of the whole target space, which is
generally fair. To be able to use any prior information about target space, such as sparsity, the measurements
must be related linearly to the spatial domain image:
d(ux, uy , f) = Ψ π T (x, y, z),

(3)

where d(ux, uy , f) is the space frequency measurements, π T (x, y, z) is the target space and Ψ is the operator
deﬁning the transform between two spaces.
The target space, which is in the [xi , xf ] × [yi , yf ] × [zi , zf ] , must be discretized to create the forward
model Ψ . (xi , yi , zi ) and (xf , yf , zf ) denotes the target space’s initial and ﬁnal positions to be imaged.
Discretization generates B = { π 1 , π 2 , . . . , π N } , where N denotes the resolution and each π j is a 3D vector
[xj ; yj ; zj ] . The points π j are candidate discrete points at target positions. At any discrete target position,
the received frequency data for each frequency step and for each scan position can be calculated using (2), with
α(π j ) = 1/R2j , Rj being the distance to the target point π j . For a target at π j and the GPR at the ith
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scan position, the j th column of Ψ i can be written as
[ Ψ i ]j = α(π j ) exp [−jω(t − τi (π j ))],

(4)

where ω is the vector of L frequencies. For P targets, measurements of the frequency response at the ith scan
position can be written as
ζi (ω) =

P


b(k) exp [−jω(t − τi (πk ))] = Ψ i b.

(5)

k=1

Our goal is to ﬁnd weighted indicator b , which is actually an image of the medium.
In [19], a random subset of M < L frequencies are measured instead of measuring all L frequency steps
at each scan position, then the new measurements β i can be shown as
β i = Φ i ζi = Φ i Ψ i b,

(6)

where Φ i is an M × L measurement matrix constructed by randomly selecting M rows of an L × L identity
matrix. This reduces the data acquisition time by a factor of L/M .
It is shown in [30, 31, 32, 33] that stable recovery of the vector b is possible by solving the modiﬁed
convex optimization problem:
b̂ = arg minb1

such that

AT (β − Ab)∞ <

1,

(7)

where A = Φ Ψ . The optimization problems in (7) minimize convex functionals, so a global optimum is
guaranteed for CS.

3.

Fast subsurface imaging with OMP

In [19], the image vector b using the measurements β i is obtained through solving convex 1 minimization
problem shown in equation (7). For optimizing (7), the complexity increases as N 3 , where N denotes the
total discrete points of the target space [23, 25]. That means although CS imaging method reduces the data
acquisition time, image reconstruction takes too much time because of convex optimization programming. For
larger area imaging, ﬁner grid sizes or 3 D imaging, this becomes an important problem that makes the algorithm
unusable. Therefore, to reduce the computational complexity and to utilize a more implementable algorithm
for fast subsurface imaging, a suboptimal solver, orthogonal matching pursuit [28, 29] is used. Although OMP
does not guarantee any global optimal solution, it is computationally very eﬃcient. It is shown that it could
reconstruct sparse signals robustly. For a system like y = Ax + n, the iterative algorithm applied is as follows:
1) Initialize the index set ∧0 = . The residual r0 = y and the loop index to t = 1 .
2) Find an index λt ∈ arg maxw |rt−1 , Aw | where Aw are columns of A.
3) Update the index sets ∧t ←− ∧t−1 ∪ λt .



t


4) Determine the weights c of the best least squares problem min y − k=1 c(∧t )Aλk  .
2
t
5) Compute the new residual using the least square weights c: rt = y − k=1 c(∧t )ϕλk .
6) Increment the loop counter: t ←− t + 1 .
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7) Until the stop criterion has been met, return to Step 2 , otherwise terminate iteration.
Conditions similar to those used by equation (7) can be selected to cease the iteration. For stop criteria, a
threshold can be set conditional on the estimated noise level or the original data norm, such as 0.1 |y|2 . When
the norm of the residual r drops below the determined threshold, the iteration can be terminated. Similar
methods are also shown as stopping criteria in [28, 29].

4.

Results

For subsurface imaging with SF-GPR, several simulations are presented in this section. To exemplify the
random frequency sampling idea, a 2D homogeneous target space of size 30 cm ×30 cm is created. A bistatic
antenna with a 5 cm transmitter-receiver spacing at a height of 10 cm is simulated to collect frequency domain
measurements between 100 MHz and 10 GHz with 100 MHz step size resulting in 100 frequency measurements
at each scan point if all frequencies are measured. An antenna beamwidth of 40◦ is assumed. The radiated
power is assumed to be equal over the beamwidth and no power is assumed to be radiated outside of the
antenna beamwidth. True target space which contains ﬁve randomly placed targets modeled as point reﬂectors
can be seen in Figure 1(a). The SNR for simulation is 10 dB. When all the space-frequency domain data is
measured and frequency domain back-projection (BP) [34, 35, 36] is applied, Figure 1(b) is obtained, where the
ﬁve targets can be seen at the correct target positions.

Figure 1. Plots showing (a) the True Target Space; (b) Imaging with the BP method using all frequencies; (c) Randomly
measured frequencies, using frequencies in (b); (d) Imaging with the BP method; (e) Imaging with the CS method; and
(f) Imaging with OMP
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Considering the CS imaging theory developed in [19], instead of measuring all 100 frequencies, only
a random subset of 20 frequencies at each scan position, shown in Figure 1(c), is measured. If frequency
domain BP is applied to the randomly selected data, the degraded imaging result is shown in Figure 1(d). In
order to obtain CS imaging, solving (7) with the randomly measured frequencies shown in Figure 1(c) obtains
Figure 1(e). As seen, CS method could generate a less cluttered image that is better than the BP method, using
all the frequency data or randomly measured small number of frequencies. If the same randomly measured
frequencies are applied to OMP method, the resulting image is shown in Figure 1(f). The results show that
OMP and CS imaging methods give similar images and they ﬁnd the correct target positions with less clutter
than the BP method. In addition, adding range gain into the image reconstruction procedure helped both CS
and OMP to recover deeper targets with more correct RCS values. Overall this simulation shows OMP can be
a good alternative to CS, but imaging performance and computational complexity of both algorithms should
be compared in detail. Next subsections show these comparisons.

4.1.

Comparison of computational complexity

In Figure 1, OMP and CS methods show similar imaging performances. Nevertheless, to understand the actual
computational performance diﬀerences between OMP and CS methods, more detailed simulations were done
in which time spent for image reconstruction is compared among the methods. Increasing the grid target
space step-by-step from 100 to 1225 grids, the image is 20 times formed independently by selecting 10 and 50
independent random measurements at each time step and, respectively, applying OMP and CS methods. Result
of these simulations are shown in Figure 2, which shows average execution times of OMP and CS methods on
logarithmic scale as a function of target space. Note that the computation time of the OMP method is many
times smaller than the computation time of CS. Computation time for both methods grow with target space
size; from ﬁrst order polynomial ﬁt, the growth rate for CS is O(N 3.17) and the computation time for OMP
grows at a rate of only O(N 1.6 ). Hence, the computational time diﬀerence becomes more inﬂuential as the
target space grows. This is a very important property of OMP that makes it a good candidate algorithm for

Mean Time in Seconds of 20 Iteration

10 4
10 3
10 2
10 1

CS for 10 meas.
OMP for 10 meas.
CS for 50 meas.
OMP for 50 meas.

10 0
10 -1
10 -2
10 -3
10 -4
0

200

400

600
800
Target Space

1000

1200

1400

Figure 2. Graph of execution times for image reconstruction, in logarithmic scale as a function of normalized average
error.
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imaging larger target spaces or 3D subsurface imaging. Figure 2 also shows that the computational complexity
mainly depends on the target size, not the number of measurements taken at each scan position. Although an
increase in the measurement number increases slightly the time spent for reconstructing the image, its eﬀect is
smaller compared to the eﬀect of target space N .

4.2.

Analysis on measurement and sparsity level

Although OMP requires less execution time for reconstruction, it does not guarantee a global solution. Thus
new simulations were performed to compare the correct reconstruction performances of OMP and CS methods.
OMP and CS methods are applied to diﬀerent data sets having frequency measurement numbers between 1 and
50, acquired from 20 cm ×20 cm scanned area, on which 1, 3, and 10 target groups were randomly placed; each
simulation repeated 100 times.
0.5

Mean error of 100 iteration

0.45

CS for 1 target
OMP for 1 target.
CS for 3 target
OMP for 3 target
CS for 10 target
OMP for 10 target

0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0
0

10

20
30
Measurement Number

40

50

Figure 3. Graph of measurement number as a function of normalized average error.

To calculate the error between the correct target space and the reconstructed image the average error
values, representing incorrect reconstruction, are normalized with the norm of the target spaces, to realize
reconstruction performances of both methods, with varying number of targets and/or with diﬀerent number
of measurements. The obtained results are shown in Figure 3. The graph clearly demonstrates that if the
measurement number is more than 10, one tenth of the all frequency measurement number 100, OMP and CS
methods can reconstruct the image successfully with similar error values. Also it is seen that as the target
number is increasing, the correct reconstruction performances of both methods are decreasing likely. For very
less number of measurements both methods fail to reconstruct the target spaces correctly.

4.3.

Noise analysis

We turn now to the eﬀect of noise on the OMP reconstruction, and analysis of the CS method. For this,
individual simulations were done with 10 and 20 measurements for 20 cm ×20 cm scanned regions with 1 cm
discretization level where a 3 point target is randomly localized. Figure 4 shows the normalized average
reconstruction error versus SNR level, computed over 100 trials.
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Mean error of 100 iteration
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OMP for 10 meas.
CS for 20 meas.
OMP for 20 meas.

20
15
10
5
0
-10

-5

0

5

SNR

10

15

20

25

Figure 4. Plot of SNR versus normalized average error, computed over 100 trials.

As observed in Figure 4, if the SNR is more than 10 dB, OMP is as successful as the CS method in
reconstructing the images. For very low SNR, CS shows slightly better performance compared to OMP. Results
on all simulated data show that as OMP can as well reconstruct the image in comparison as the CS method,
with much lower computational cost, which makes it faster and more implementable for large regions or 3D
imaging, and it works with similar correct reconstruction performances.

4.4.

Experimental data results

CS and OMP methods are applied to experimental SF-GPR data obtained from [37, 38, 39]. The GPR is
scanned over a 1.8 m ×1.8 m, mostly homogeneous, dry sand region from 27.8 cm height above a nearly ﬂat
surface with 2 cm increments in x and y directions. 401 equally spaced frequency measurements from 60 MHz
to 8.06 GHz are collected using a multistatic array over a buried scenario. Data is used from a single bistatic
pair, and one slice of that 3D data is used. The time domain representation of the data is given in Figure 5(a).
There are two shallow and one deep targets at x = {−40, + 5, + 50} cm, respectively. Their presence are

Figure 5. (a) Space-time domain representation with all frequencies measured; (b) CS based imaging result; and (c)
OMP based imaging result
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seen clearly from the time domain data. For sparse imaging, CS and OMP methods are applied to only 200
randomly selected frequency measurements at each scan position, instead of using all 401 measurements. The
resulting images of both methods are shown in Figure 5(b) and Figure 5(c), respectively. The results show
that OMP can successfully reconstruct the real data images as the CS imaging method. In addition, while CS
takes 24.411 seconds to reconstruct, OMP method takes only 0.156 seconds to generate its result. CS seems to
reconstruct more detail about the target scene compared to OMP, but both methods successfully ﬁnds all the
targets.

5.

Conclusions

In this work, simulations were done to compare the performances of Orthogonal Matching Pursuit (OMP) and
Compressive Sensing (CS) methods. For a more correct comparison, OMP and CS methods are improved by
adding range gain; hence targets are detected with their correct RCS values and this increases the detection
probability of deep targets. OMP has much less computational complexity than CS and simulations showed
that increase in the computational complexity with grid size is also signiﬁcantly reduced with OMP. Results
show that OMP, with measurements over fewer frequencies, can exactly reconstruct the sparse signals with
performance similar to CS. Both methods show similar reconstruction performance against diﬀerent signal-tonoise ratios (SNR). OMP is faster and easier to implement, and provides other performances similar to CS.
Hence, OMP can be a fascinating alternative to CS imaging method for subsurface imaging.
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